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Microbial	 ecology	 seeks	 to	 describe	 the	 diversity	 and	 distribution	 of	
microorganisms	in	various	habitats	within	the	context	of	environmental	variables.	
High	throughput	sequencing	has	greatly	boosted	the	number	and	scope	of	projects	
aiming	 to	 study	and	analyse	 these	organisms,	with	ever-increasing	amounts	of	
data	being	generated.	Amplicon	based	taxonomic	analysis,	which	determines	the	
presence	of	microbial	taxa	in	different	environments	on	the	basis	of	marker	gene	
annotations,	 often	 uses	 percentage	 identity	 as	 the	 main	 metric	 to	 determine	
sequence	 similarity	 against	 databases.	 This	 data	 is	 then	 used	 to	 study	 the	
distribution	of	biodiversity	as	well	as	the	response	of	microbial	communities	to	
stressors.	 However,	 the	 16S	 rRNA	 gene	 displays	 varying	 degrees	 of	 sequence	
conservation	along	its	length	and	is	therefore	prone	to	provide	different	results	
depending	 on	 the	 part	 of	 16S	 rRNA	 gene	 used	 for	 sequencing	 and	 analysis.	




Additionally,	 repositories	 of	 environmental	 metadata	 can	 provide	 contextual	
information	to	sequence	annotations,	potentially	enhancing	analysis	if	they	can	be	
incorporated	into	bioinformatics	pipelines.	The	overarching	aim	of	this	work	was	






In	 Chapter	 2,	 we	 sought	 to	 develop	 a	 new	 sequence	 similarity	 metric	 by	




Illumina	 sequencing	 technology	 using	 simulated	 datasets.	 The	 new	 approach	
showed	better	taxonomic	annotation	capability	at	higher	taxa	levels	compared	to	
the	 percentage	 identity	metric,	 especially	 at	 family	 and	 class	 level.	 By	 directly	
utilizing	 the	 evolutionary	 conservation	 information	 available	 in	 bacterial	 16S	
rRNA	 gene	 sequences,	 the	 new	 approach	 provided	 an	 effective	 measure	 of	





amplicon	datasets	belonging	to	 the	 sugarcane	biome	using	 the	new	pipeline	as	
well	 as	 an	 established	 pipeline.	 Furthermore,	 for	 the	 new	 pipeline,	 an	 OTU-
independent	 approach	 was	 followed	 to	 see	 if	 analysing	 each	 sequence	 could	
improve	 the	overall	performance	of	 the	 system.	Diversity	 results	were	used	 to	
compare	both	pipelines,	under	the	context	of	OTU-based	and	OTU	independent	











environmental	 terms,	 the	 newly	 developed	 extension	 enabled	 a	 taxa	 centric	
approach	 to	 environmental	 annotations.	 This	 allowed	 for	 a	 contextual	 view	of	
abundance	 of	 taxa	 on	 an	 environmental	 term	 basis	 as	well	 as	 quantifying	 the	
distribution	of	various	environments	the	taxa	may	come	from.	The	results	show	
that	for	sequences	that	are	present	across	multiple	sub-habitats,	their	abundance	
varies	 significantly	 among	 them.	 Additionally,	 some	 taxa,	 which	 did	 not	
demonstrate	a	cosmopolitan	distribution,	were	found	to	be	present	in	a	few	sub-
habitats.	 The	 environmental	 annotation	 of	 these	 sequences	 was	 confirmed	 by	
previous	 literature	available	on	the	habitats	 for	 these	microbes.	Hence	the	new	
extension	 provided	 a	 more	 direct	 view	 of	 taxa	 distribution	 across	 various	
environments	 as	well	 as	 illustrated	 environmental	 distribution	 for	 each	 taxon,	
significantly	improving	upon	the	SEQenv	pipeline.		
	
Overall,	 the	new	pipeline	presented	 in	this	 thesis	provides	a	novel	approach	to	
annotate	bacterial	16S	rRNA	gene	sequences	by	way	of	combining	a	new	approach	
to	 taxonomic	 annotation	with	 contextual	 environmental	 information.	 The	 new	
	 xv	
pipeline	 can	 be	 a	 valuable	 tool	 for	 biologists	 aiming	 to	 understand	microbial	
communities	in	a	more	effective	manner.	
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functions	 such	 as	 driving	 nutrient	 cycles	 (Venter	 et	 al.,	 2004)	 and	 influencing	
human	 health	 conditions	 (Handelsman,	 2004).	 Furthermore,	 due	 to	 their	
versatility	and	resilience,	they	occupy	a	wide	variety	of	environments	which	range	
from	deep-sea	vents,	having	a	temperature	in	excess	of	300°C,	to	rocks	found	far	
deep	 beneath	 earth’s	 surface	 (Wooley,	 Godzik,	 &	 Friedberg,	 2010)	 and	 are	
ubiquitous	in	habitats	such	as	soil,	the	ocean	and	the	mammalian	gut.	Determining	








can	be	 cultured	under	 laboratory	 conditions	 (Nikolaki	&	Tsiamis,	2013)	where	
standard	culturing	techniques	account	only	for	1%	or	less	of	bacterial	diversity	in	
most	 environmental	 samples	 (Riesenfeld,	 Schloss,	 &	 Handelsman,	 2004).	





and	 fast	 approaches	 towards	 analysis	 but	 also	 appropriate	 taxonomical	













classification	 and	 assessing	 the	 genetic	 diversity	 of	 environmental	 samples	
(Woese,	1987).	The	gene	has	been	widely	used	for	sequencing	and	identification	
of	many	bacterial	isolates	and	to	profile	uncultured	microbial	communities	from	
diverse	 habitats	 (Gillian	 C.	 Baker,	 Gaffar,	 Cowan,	 &	 Suharto,	 2001;	 Grosskopf,	




Given	 the	 immensely	 important	 role	microbes	 play	 in	 ecosystem	 function	 and	
biochemical	 cycles	 (Falkowski,	 Fenchel,	 &	 Delong,	 2008),	 various	 surveys	 of	
diversity	have	been	conducted	using	16S	rRNA	gene	sequences	to	elucidate	the	
impact	of	microbial	communities	on	their	environment	and	habitats.	This	includes	
exploration	 of	 the	 diversity	 and	 functional	 characteristics	 of	 soil	 microbial	
communities	 across	 various	 biomes	 (Noah	 Fierer	 et	 al.,	 2012)	 and	 the	
geographical	distribution	of	marine	bacterial	communities	(Ghiglione	et	al.,	2012).	
Furthermore,	changes	 in	environmental	 factors	such	as	 temperature	have	been	
shown	 to	 produce	 variation	 in	 the	 structure	 of	 bacterial	 communities	 in	 soil	
(Xiong	et	 al.,	 2014)	and	especially	permafrost	(Mackelprang,	 Saleska,	 Jacobsen,	
Jansson,	&	Taş,	2016),	where	an	increase	in	temperature	due	to	climate	change	




have	 been	 conducted	 to	 determine	 the	 composition	 of	 gut	microbiota	 and	 the	
impact	they	have	on	various	aspect	of	human	health.	They	have	been	shown	to	be	
crucial	 for	 protection	 against	 food	 allergies	 (Stefka	 et	 al.,	 2014)	 as	 well	 as	
autoimmune	 disorders	 (Hooper,	 Littman,	 &	 Macpherson,	 2012).	 Additionally,	
recent	research	has	revealed	the	role	gut	microbiome	play	in	development	of	the	
central	 nervous	 system	 (Sharon,	 Sampson,	 Geschwind,	 &	 Mazmanian,	 2016).	
Furthermore,	various	diseases	such	as	asthma	(von	Mutius,	2016),	and	rheumatic	
autoimmune	 diseases	 (Coit	 &	 Sawalha,	 2016)	 are	 directly	 impacted	 by	 the	
composition	 of	 the	 human	 microbiome,	 in	 addition	 to	 being	 an	 important	
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and	 eukaryotes,	 are	 reconstructed	 based	 on	 the	 small	 ribosomal	 16S	 rRNA	 is	
shown	in	Figure	1-1	and	illustrates	the	evolutionary	relationship	between	these	
different	 kingdoms.	 	 Culture	 free	 16S	 rRNA	 gene	 sequence-based	 tools	 have	
significantly	expanded	our	view	of	microbial	diversity,	where	polymerase	chain	






















&	Alland,	 2007).	Hence	 to	 analyse	 the	 taxonomic	 content	 of	 an	 environmental	
sample,	biologists	have	typically	used	amplicon	sequencing	in	which	a	particular	
variable	 region	 is	 amplified,	 as	 conserved	 regions	 in	 most	 bacterial	 DNA	
sequences	 flank	 these	 regions,	 which	 enables	 PCR	 amplification	 of	 target	
sequencing	using	primers.	DNA	fragments	of	the	16S	rRNA	gene	can	be	selectively	
amplified	 from	mixed	 DNA,	 leading	 to	 significant	 improvement	 in	 sequencing	
throughput	 (Amann,	 Ludwig,	 &	 Schleifer,	 1995),	 as	 only	 genes	 of	 interest	 are	
amplified	for	DNA	sequencing.		There	is	already	a	number	of	primers	being	used	
for	amplification	and	sequencing,	with	some	of	them	being	referred	as	universal	




Figure	 1–2:	 16S	 rRNA	 gene	 composition	 where	 variable	 regions	 are	
highlighted	 in	grey	while	conserved	regions	of	 the	gene	are	 illustrated	 in	
green.	Reproduced	from	(Alimetrics)	
	
A	 second-generation	 sequencing	 system,	 the	 Illumina	 platform,	 is	 currently	
preferred	for	amplicon	sequencing	due	to	its	low	cost	and	deeper	coverage	with	
small	read	lengths,	going	up	to	250bp,	and	consequently	is	the	most	widely	used	














error	 rate,	 which	 can	 reach	 up	 to	 40%,	 and	 may	 require	 data	 from	 second-
generation	 sequencing	 system,	 such	 as	 Illumina	 to	 bring	 the	 error	 down	 to	 a	
respectable	 level,	 which	 then	 reduces	 their	 throughput.	 Hence,	 the	 Illumina	
















intestinal	 ecosystem	 (Ritari,	 Salojärvi,	 Lahti,	&	 de	Vos,	 2015),	deep	 sea	 habitat	
(Sogin	et	 al.,	 2006)	and	soil	 (Johannes	Rousk	et	 al.,	 2010).	Both	aligned,	where	
reference	 sequences	 are	 aligned	 together,	 and	 non-aligned	 versions,	 where	
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reference	 sequences	 are	 provided	 without	 alignment,	 of	 these	 databases	 are	
available	from	them.	
	
SILVA	provides	quality	 checked	and	 regularly	updated	databases	of	both	 small	








Greengenes	 provides	 phylogenetic	 classification	 of	 16S	 rRNA	 gene	 sequences	
from	GenBank	(Benson	et	al.,	2012)	and	uses	taxonomy	from	NCBI	and	Ribosomal	
Database	 Project	 (Cole	 et	 al.,	 2014)	 as	 well	 as	 information	 provided	 by	




The	 Ribosomal	 Database	 Project	 or	 RDP	 database	 provides	 another	 source	 of	
taxonomically	 annotated	 reference	 16S	 rRNA	 gene	 sequences,	 which	 are	 also	
available	 from	 International	 Nucleotide	 Sequence	 Database	 Collaboration	
(INSDC)	(Balvočiūtė	&	Huson,	2017).	The	database	consists	of	both	bacterial	and	
archaeal	 sequences	 with	 most	 of	 the	 sequences	 being	 incomplete,	 which	 are	
derived	 from	 sequencing	 PCR	 amplification	 products	 (Cole	 et	 al.,	 2014).	 Other	
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databases	include	NCBI	and	GenBank	(Benson	et	al.,	2012).	NCBI	provides	a	non-
curated,	 authoritative	 classification	of	 sequences	and	 taxonomy	which	 includes	
prokaryotic	 and	eukaryotic	species	 (Santamaria	et	 al.,	 2012).	The	 choice	of	 the	
database	is	dependent	on	the	tools	provided	as	well	as	the	quality	and	quantity	of	
sequences.	Considering	that	 the	taxonomy	may	differ	between	these	databases,	






Before	 accurate	 analysis	 can	 take	 place,	 the	 sequences	 need	 to	 undergo	




presence	 of	 these	 sequences	 makes	 it	 difficult	 to	 differentiate	 between	 real	
sequences	 from	recombinants	as	 the	breakpoints	can	occur	at	any	location	and	
the	 next	 generation	 sequencing	 platform	 generate	 short	 sequences,	 making	 it	
harder	to	distinguish	the	chimera	from	its	parents.	 	Hence	an	overestimation	of	
microbial	 diversity	 is	 observed	 (M.	 Kim	 et	 al.,	 2013).	 Hence	 their	 removal	 is	
important	 for	 proper	 analysis.	 Popular	 tools	 include	 UCHIME	 (Edgar,	 Haas,	






















Lastly,	 newer	 noise	 reduction	methods	 can	 further	 reduce	 spurious	 reads	 and	
improve	downstream	analysis.	Some	of	these	tools,	such	as	DADA2	(Callahan	et	
















generation	 sequencing	 has	 led	 to	 an	 avalanche	 of	 sequence	 data	 (Kostadinov,	
2011),	which	needs	to	be	analysed	in	a	fast,	effective	manner.	BLAST	was	found	to	
be	 not	 efficient	 enough	 to	 analyse	 these	 datasets	 and	 therefore	 new	 sequence	
aligners	continue	to	be	developed	(Reinert	et	al.,	2015).	These	aligners	are	many	










Given	 the	 large	 number	 of	 sequences	 being	 produced	 and	 the	 computational	
requirements	necessary	to	analyse	them,	a	preliminary	step	is	performed	where	
DNA	sequences	are	aligned	and	compared	and	those	sequences	that	are	similar	to	
each	 other	 are	 clustered	 together,	 and	 classified	 as	 belonging	 to	 the	 same	
operational	 taxonomic	 unit	 or	 OTU.	 Most	 software	 that	 perform	 taxonomic	
annotation	align	these	16S	rRNA	OTUs	against	database	reference	sequences	in	
which	the	sample	sequence	is	compared	with	taxonomically	annotated	reference	
sequences	 (Santamaria	 et	 al.,	 2012).	 Sequence	 similarity	 is	 determined	 by	 a	
percentage	identity	metric	where	sequences	are	scored	on	the	number	of	matches	
between	 reference	 and	 query	 sequences	 and	 penalised	 for	 any	 gaps	 in	 the	
alignment	(Edgar,	2010).	A	match	is	scored	where	the	specific	nucleotide	base	on	









Popular	 tools	 that	 perform	 taxonomic	 annotation	 of	 microbial	 communities	
include	 MG-RAST	 (Aziz	 et	 al.,	 2008),	 MEGAN	 (Huson,	 Richter,	 Mitra,	 Auch,	 &	
Schuster,	2009),	QIIME	(Caporaso	et	al.,	2010)	and	MOTHUR	(Schloss	et	al.,	2009).	
Almost	 all	 of	 these	 have	 traditionally	 been	 dependent	 on	 the	BLAST	 algorithm	
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of	 metagenomes.	 For	 rRNA	 sequences,	 the	 service	 uses	 the	 QIIME	 pipeline	
(Caporaso	 et	 al.,	 2010).	 	 MEGAN,	which	 stands	 for	 Metagenome	 analyser,	 is	 a	




suite	 of	 bioinformatics	 tools	 for	 analysis	 of	 microbial	 communities,	 which	
combines	 several	 taxonomic	 assignment	 tools	 like	 UPARSE	 and	 the	 RDP	





2009)	 is	 another	 suite	 of	 bioinformatics	 tools	 for	 the	 annotation	 of	 taxonomic	
marker	genes	and	includes	a	variety	of	analysis	tools.	These	tools	primarily	use	













query	 sequences	 with	 other	 sequences	 in	 a	 phylogenetic	 tree	 and	 therefore	
perform	 fine-scale	 analysis	 of	 sequences	 for	 comparative	 and	 evolutionary	
information	using	a	phylogenetic	distance	metric	(Matsen	et	al.,	2010).	The	CAT	
model	 is	 faster	 and	 uses	 less	 memory	 than	 Gamma-distributed	 model,	 while	
producing	 slightly	 better	 Gamma	 likelihood	 values,	 making	 it	 computationally	
feasible	to	analyse	large	trees	(Stamatakis,	2006).	Quick	and	efficient,	these	tools	
are	able	to	place	thousands	of	query	sequences	onto	a	phylogenetic	tree	in	linear	
time	and	memory	complexity	and	hence	are	 suitable	 for	analysis	of	 large-scale	
metagenomic	datasets.		
	
However,	 these	 methods	 differ	 from	 traditional	 taxonomic	 annotation	










to	 provide	 environmental	 context	 for	 these	 taxonomic	 annotations.	 This	





filtering,	 can	 dramatically	 improve	 our	 ability	 to	 analyse	 any	 environment	 in	
depth.	 Furthermore,	 this	will	 improve	 our	 knowledge	 on	 how	 the	 response	 of	
different	 taxa	 can	 impact	each	other	and	ecosystem	 functions,	 especially	 in	 the	
context	of	Baas-Becking	hypothesis,	which	states	that	everything	is	everywhere	
but	 the	 environment	 selects	 (Baas-Becking,	 1934;	 De	 Wit	 &	 Bouvier,	 2006).	
Members	 of	 rare	 taxa	 account	 for	most	 of	 the	 observed	 phylogenetic	 diversity	
(Sogin	et	al.,	2006),	and	become	more	abundant	if	the	environmental	conditions	
favour	 their	 growth	 (Shade	 et	 al.,	 2014).	 This	 is	 because	 the	 organisms	 can	
experience	conditions	that	are	not	optimal	for	their	growth	and	therefore	enter	in	
a	 state	of	 reversible	dormancy	 (Lennon	&	 Jones,	2011).	This	 leads	 to	microbes	








habitat,	 such	 as	where	 certain	 taxa	 are	 observed	 on	 the	 basis	 of	 whether	 the	
microorganism	is	oligotrophic	or	copiotroph	in	nature	(Koch,	2001).	Copiotrophs	
have	 high	 growth	 rates	 when	 nutritional	 conditions	 are	 abundant	 while	






Vellend	 (2010)	 proposed	 that	 mechanisms,	 which	 shape	 the	 composition	 and	
diversity	 of	 microbial	 communities	 could	 be	 divided	 into	 four	 classes	 termed	
speciation,	selection,	dispersal	and	ecological	drift.	Speciation	adds	more	species	
diversity	over	time,	selection	modifies	the	relative	abundance	of	taxa	on	the	basis	
of	 the	 survival	 and	 reproducibility	 capability	 of	 these	 species,	 dispersal	 of	
established	species	to	a	new	location	brings	change	in	the	community	composition	
depending	 on	 the	 local	 conditions	 and	 finally	 ecological	 drift	 where	 chance	









bacterial	 community	 structure	 as	well	 at	 regional	 and	 global	 scales	 (Xia	 et	 al.,	















complex	 combination	of	historical	 factors	such	as	dispersal	 limitation	and	past	
environmental	 conditions	 significantly	 influence	 present-day	 groupings	 of	
microbes	in	addition	to	overall	contemporary	habitat	characteristics	(Dinsdale	et	
al.,	2008)	as	well	as	changes	in	environmental	parameters.	Understanding	these	






of	 these	 sequences	 tend	 to	 be	 more	 variable	 than	 other,	 conserved	 regions	
(Woese,	 1987),	 henceforth	 considered	 as	 evolutionary	 conservation.	 While	
popular	bioinformatics	pipelines	are	being	used	for	many	ecological	projects,	they	
mainly	use	 the	percentage	 identity	metric	 for	determining	 sequence	 similarity.	
Metric	selection	has	a	significant	 impact	on	the	analysis	being	conducted,	as	all	
downstream	 analyses,	 including	 diversity	measurements,	 depend	 on	 sequence	
alignments	and	the	database	used.	While	hypervariable	regions	are	primarily	used	
to	differentiate	between	different	bacterial	species,	substantial	difference	is	also	
present	 in	 non-hypervariable	 regions	 of	 the	 16S	 rRNA	 gene	 (Stackebrandt	 &	
Goebel,	 1994),	 which	 can	 also	 play	 a	 role	 in	 differentiating	 between	 various	
bacteria.	Furthermore,	closely	related	species	that	differ	by	a	few	nucleotide	bases	





analysis	 of	 microbial	 communities,	 with	 different	 primers	 producing	 different	
abundances	of	 taxa	(Fredriksson,	Hermansson,	&	Wilen,	2013).	This	represents	
the	limitation	of	16S	rRNA	gene	sequence	analysis	and	therefore	there	is	a	great	






information	 related	 to	 the	 environment	 they	 exist	 in,	 is	 lacking	 in	 popular	
pipelines.	This	information	can	be	transformative	in	understanding	the	microbes	
and	 the	 role	 they	 play	 in	 the	 environment	 in	 a	 more	 thorough	 fashion.	 How	
environmental	 parameters	 drive	 diversity	 patterns	 and	 how	 diversity	 is	




• The	 percentage	 identity	 metric	 does	 not	 account	 for	 variability	 at	 any	
match	 or	 mismatch	 location	 and	 therefore	 does	 not	 fully	 exploit	 the	
evolutionary	 conservation	 and	 variability	 inherent	 in	 the	 gene	 (Woese,	
1987)	 as	 the	 degree	 of	 variability	 changes	 across	 these	 hypervariable	
regions	 (Figure	1-3).	The	Shannon	 index	here	denotes	Shannon	entropy	
values,	which	 quantifies	 the	 variability	 across	all	 nucleotides	 in	 the	 16S	
rRNA	gene	 sequences	and	were	 calculated	using	 frequencies	of	 the	 four	
nucleotides	and	gaps	(Seedorf,	Kittelmann,	Henderson,	&	Janssen,	2014).	
The	 evolutionary	 distance	 between	 sequences	 as	 determined	 by	









environments	 across	 different	 geographical	 locations	 (Fierer	 &	 Jackson,	
2006;	 Xia	 et	 al.,	 2016).	 As	 microbial	 communities	 respond	 to	 multiple	
environmental	 factors,	 new	 data	 obtained	 from	 next-generation	
sequencing	 along	 with	 contextual	 metadata	 provide	 an	 important	
opportunity	to	address	the	need	to	identify	the	origin	of	sequences	from	a	
















utilizes	 the	 inherent	 evolutionary	 conservation	 within	 the	 16S	 rRNA	 gene	
sequence,	 which	 has	 not	 been	 utilized	 so	 far,	 in	 order	 to	 enhance	 taxonomic	
annotation.	This	chapter	examined	the	hypothesis	that	the	new	similarity	measure	
metric	based	on	Shannon	entropy	would	provide	more	robust	data	in	comparison	
















a) To	 develop	 a	 taxonomic	 pipeline	 on	 the	 basis	 of	 the	 novel	 metric	 for	
sequence	similarity	developed	in	chapter	2.		
b) To	 assess	 the	 applicability	 of	 the	 new	 pipeline	 on	 the	 analysis	 of	 real	
amplicon	datasets	belonging	to	samples	from	a	sugarcane	environment.	
c) To	 assess	 if	 similar	 ecological	 patterns	 in	 comparison	 to	 QIIME	 are	
generated	with	the	new	pipeline.	
	
Chapter	 4	 aimed	 to	 enhance	 the	 taxonomic	 annotation	 system	 developed	 in	
chapter	 3	with	 the	 integration	 of	 an	 extended	 SEQenv	 pipeline	 (Sinclair	 et	 al.,	
2016)	as	a	means	to	provide	environmental	annotation	of	16S	rRNA	sequences.	
The	extension	to	SEQenv	was	developed	to	provide	a	more	contextual	view	into	
the	 environmental	 annotation	 of	 these	 sequences.	 This	 would	 be	 relevant	 to	
biologists	determining	taxa	distributions	for	particular	environments	as	SEQenv	
itself	 generates	 a	 word	 cloud	 only	 at	 the	 dataset	 level,	 listing	 various	








b) To	 assess	 the	 enhanced	 SEQenv	 system	 on	 real,	 amplicon	 datasets	 to	




enhanced	 annotation	 of	 bacterial	 sequences	 by	 combining	 high-resolution	
taxonomic	 annotation	 with	 contextual	 environmental	 annotation,	 which	












capable	 of	 living	 in	 diverse	 environments	 (Wooley	 et	 al.,	 2010).	However	 very	
little	is	known	about	their	biology	as	only	a	small	fraction	can	be	cultured	under	
laboratory	 conditions	 (Nikolaki	 &	 Tsiamis,	 2013)	 whereby	 standard	 culturing	















Culture	 independent	 studies	 have	 been	 used	 to	 characterise	 microbial	
communities	where	next-generation	sequencing	has	been	used	to	sequence	DNA	
















Sequencing	 of	 16S	 rRNA	 amplicons	 primarily	 uses	 short	 reads,	 representing	 a	
specific	region	of	a	gene	while	shotgun	sequencing	may	use	whole	length	of	the	
genome	 in	 small	 fragments,	 which	 can	 be	 analysed	 individually	 or	 used	 to	





The	 underlying	 scoring	 scheme	 behind	 sequence	 similarity	 is	 currently	
percentage	identity,	a	simple	distance	based	approach	which	doesn’t	fully	utilize	
the	 inherent	 variation	 in	 evolutionary	 conservation	 within	 16S	 rRNA	 gene	




others	 are	 relatively	 conserved,	 and	 the	 degree	 of	 variability	 is	 not	 constant	
(Chakravorty	et	al.,	2007;	Stackebrandt	&	Goebel,	1994),	due	to	the	fact	that	the	











be	 utilized	 for	 better	 understanding	 of	 sequence	 similarity	 (Stackebrandt	 &	
Goebel,	1994)	and	to	achieve	a	more	effective	similarity	measure	than	the	current	
percentage	 identity,	 as	 discriminatory	 information	 is	 present	 in	 the	 16S	 rRNA	
gene	sequences	that	can	be	used	to	distinguish	between	various	sequences.	The	
evolutionary	 conservation	 within	 16S	 rRNA	 can	 be	 determine	 via	 Shannon	
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Entropy,	 which	 quantifies	 the	 uncertainty	 in	 a	 random	 variable	 and	 hence	 is	
appropriate	 to	 determine	 the	 variability	 in	 a	 nucleotide	 position.	 	 It	 allows	





been	 utilized	 in	 other	 tools	 which	 utilize	 taxonomic	 marker	 genes	 such	 as	
oligotyping,	which	 looks	at	nucleotide	base	variation	within	an	 individual	OTU	
(Eren	 et	 al.,	 2013)	 by	 relying	 on	 entropy	 information	 generated	 through	 the	
analysis	of	sequences	that	were	initially	mapped	onto	the	same	taxon.	Minimum	
Entropy	 Decomposition	 or	 MED,	 extends	 oligotyping	 via	 development	 of	 an	





various	 studies,	 including	 microbial	 biogeography	 (Cloutier,	 Alm,	 &	 McLellan,	
2015;	V.	T.	Schmidt	et	al.,	2014)	and	microbe	disease	linkage	(Eren	et	al.,	2011).	
However,	 these	tools	only	select	 few	nucleotide	positions	 in	variable	regions	of	
the	 16S	marker	 gene	 and	 hence	 may	 not	 be	 fully	 utilizing	 all	 of	 the	 available	
entropy	information	present.	
	
This	 study	 aims	 to	 address	 these	 issues	 by	 developing	 a	 novel	 approach	 to	
measure	 sequence	 similarity	 by	 directly	 using	 evolutionary	 conservation	
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information	via	Shannon	entropy.	This	can	then	be	used	to	enhance	taxonomic	
annotation	 as	 sequence	 similarity	 plays	 an	 important	 role	 in	 reference	 based	






















To	 build	 upon	 existing	 algorithms	 for	 taxonomic	 identification	 we	 utilized	
Shannon	 Entropy.	 Every	 location	 in	 a	 DNA	 string	 can	 be	 taken	 as	 a	 random	
variable	having	the	aforementioned	nucleotide	values.	Entropy	is	a	measure	of	the	
uncertainty	 in	 a	 random	 variable.	 In	 this	 context,	 the	 term	 usually	 refers	 to	










sequences,	 a	 variable	 region	 may	 have	 multiple	 nucleotides,	 each	 with	 low	
probability	 of	 occurrence	while	 for	 conserved	 regions;	 a	 single	 nucleotide	 (i.e.	
adenine,	or	A)	may	have	the	highest	probability	with	the	remaining	nucleotides	
(i.e.	 C,	 G,	 T)	 having	 low	 probability.	 Hence,	 evolutionary	 conservation	 and	
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locations	where	 a	 nucleotide,	 gap	 or	dot	occurs	 as	 shown	 in	 Table	 2-1.	 As	 the	
database	 represents	multiple	 sequence	 alignment	 of	 16S	 rRNA	genes,	 dots	 are	
used	 for	 padding	 before	 the	 start	 and	 after	 the	 end	 of	 a	 reference	 sequence	
depending	 on	 how	 the	 sequence	 was	 aligned	 against	 other	 sequences	 and	
therefore	 are	 not	 factored	 in	 any	 calculation,	 as	 they	 do	 not	 signify	 any	
information.	 Gaps	 however	 were	 accounted	 for,	 when	 calculating	 Shannon	
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	 C1	 C2	 C3	 C4	 C5	 C6	 …	 Cn-1	 Cn	
R1	 .	 A	 T	 -	 A	 T	 …	 G	 .	
R2	 T	 A	 G	 C	 A	 A	 …	 G	 .	
R3	 .	 .	 A	 C	 T	 A	 …	 T	 .	
.	 .	 .	 .	 	 	 	 …	 	 	
.	 .	 .	 .	 	 	 	 …	 	 	
Rm	 A	 T	 T	 A	 A	 C	 …	 A	 .	
































Calculation	 of	 Shannon	 entropy	 for	 every	 column	 in	 this	manner	 resulted	 in	 a	
single	 large	 vector	 for	 the	 database,	 with	 each	 location	 storing	 the	 Shannon	







o As	every	 row	Rm	represented	a	reference	 sequence	 in	 the	matrix	M,	 the	
calculation	was	performed	by	iterating	over	every	column:		
1) A	per	reference	Shannon	entropy	vector	was	generated	by	storing	














The	 system	 flowchart	 is	 illustrated	 in	 Figure	 2-1,	 where	 USEARCH	 alignments	
(Edgar,	2010)	were	used	to	reconstruct	full	alignments	between	query	sequences	
and	 reference	 16S	 rRNA	 gene	 sequences.	 This	 determined	 precisely	 where	
matches,	mismatches	and	gaps	occurred	against	 a	 reference	 sequence.	Relative	
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4) Finally,	 relative	 Shannon	 entropy	 score	 was	 calculated	 and	 query	
sequences	 were	 annotated	 with	 reference	 sequence	 taxonomic	
annotation.	
	
Shannon	 entropy	 for	 each	 alignment	 was	 then	 determined.	 Every	 reference	










2) For	 every	match,	 the	 corresponding	 Shannon	 entropy	 value	was	
taken	 from	 the	 database	 using	 the	 location	 of	 the	 match	 on	 the	
reference	sequence.	
a. For	 example,	 if	 nucleotide	 D3	 on	 input	 read	 matches	





S1	 S2	 S3	 S4	 S5	 S6	 S7	 S8	 …	 Sn	
	
Reference	Sequence,	Rj	
Z1	 Z2	 Z3	 Z4	 Z5	 Z6	 Z7	 Z8	 …	 Zn	
	
Input	Read,	Ii	 	



















alignment.	 As	 Shannon	 entropy	 was	 originally	 calculated	 using	 five	 variables	









This	 denoted	 the	 total	 sum	of	 entropy	 values	 for	 all	 the	matches	 between	 the	
reference	sequence	and	input	read.	When	there	was	a	complete	matching	between	






1) Shannon	 entropy	 value	 on	 locations	 where	 a	 nucleotide	 mismatch	
occurred	between	the	reference	and	query	sequence	was	converted	to	a	
negative	value	for	query	sequence.		







well	 as	 the	 query	 sequence	 was	 calculated	 by	 adding	 values	 at	 every	
location.	
4) A	 relative	 entropy	 score	was	 then	 calculated	 by	 dividing	 total	 Shannon	
entropy	value	of	a	query	read	by	the	total	Shannon	entropy	value	of	 the	
reference	 read	 segment.	 As	 every	 reference	 sequence	 had	 a	 taxonomic	
annotation	associated	with	 it,	 the	matched	 input	 read	was	assigned	 this	
annotation.	
	
/0)12340	+6	+7890 = 	+6;<=> +6;<?@ 	
	





















motif-based	 next-generation	 read	 simulator	 developed	 by	 Schirmer	 et.	 al.	 was	
used	to	generate	amplicon	reads	from	reference	sequences	from	SILVA	database	
(Quast	 et	 al.,	 2013),	 simulating	 a	motif-based	 illumina	Miseq	 Fusion	 Golay	 V4	
Amplicon	250bp	 (DS78)	platform.	The	 simulator	provides	a	variety	of	profiles,	
targeting	 various	 amplicon	 and	 metagenomics	 based	 sequencing	 approaches.		
Amplicon	 sequencing	 was	 selected	 due	 to	 its	 prevalence	 in	 next-generation	
sequencing	based	taxonomic	annotation	projects.	
	
Mock	 communities	 of	 sequences	 were	 generated	 using	 the	 SILVA	 release	 123	
database	 (Quast	 et	 al.,	 2013).	 The	 dataset	 was	 used	 to	 validate	 the	 Shannon	
entropy	 based	 annotation	 approach	 and	 confirm	 that	 it	 is	 producing	 similar	
taxonomic	 annotation	 (thus	 community	 composition)	 compared	 to	 percentage	
identity	as	calculated	by	USEARCH	(Edgar,	2010).	As	the	taxa	assignments	of	the	


















FN	 as	 False	 Negatives	 (Fawcett,	 2006).	 These	 metrics	 are	 widely	 utilized	 for	






In	a	 classification	 system,	precision	 is	defined	as	 the	 ratio	of	 correctly	 labelled	
instances	of	a	class	that	are	retrieved,	divided	by	total	number	of	all	instances	that	




the	 ratio	 of	 number	 of	 correctly	 labelled	 instances	 of	 a	 class	 retrieved	 (True	
Positives)	 to	 the	 total	 number	 of	 all	 instances	 belonging	 to	 that	 class	 (True	
Positives	 and	 False	 Negatives).	 Furthermore,	 a	 list	 of	 scoring	 thresholds	 was	




of	 thresholds	 was	 selected	 to	 elucidate	 the	 difference	 in	 sequence	 similarity	










































Additionally,	 the	metric	 is	 effectively	 threshold	 independent	 as	 the	 graph	 only	
illustrates	the	precision	and	recall	information.	This	is	especially	useful	given	that	








using	 the	whole	of	 SILVA	database	version	123	 (Quast	et	 al.,	 2013).	The	 reads	
generated	 were	 then	 aligned	 against	 the	 reference	 database	 using	 USEARCH	
sequence	aligner	(Edgar,	2010).	Once	the	alignment	results	were	generated,	the	








were	 randomly	 selected	 and	 removed.	 Query	 sequences	 belonging	 to	 these	
removed	taxa	are	effectively	novel	to	the	remaining	sequences	in	the	database	and	
therefore	should	not	closely	match	any	of	the	taxa	retained	in	the	database.	This	




























4) These	 amplicon	 reads	 were	 then	 aligned	 against	 the	 new	 reference	
databases.		
5) Taxonomic	annotation	was	performed.	Here	the	approach	was	to	check	
the	 immediate	 higher-level	 annotation	 and	 how	 many	 sequences	
annotated	correctly	at	that	level.	For	example,	if	the	removed	taxa	was	













































































































































usearch_align	 This	 script	 performs	 sequence	
alignment	 of	 datasets	 via	 USEARCH	









tasks	 on	 the	 SILVA	 release	 123	
database.	From	the	fully	aligned	SILVA	
database,	 ambiguous	 reads	 and	
eukaryote	 sequences	 were	 removed,	
and	 suitable	 unaligned	 and	 aligned	
databases	 were	 generated.	
Additionally,	 RNA	 sequences	 were	
converted	 to	DNA	 sequences	 here	 as	
well.	





The	 process	 is	 only	 needed	 to	 be	 done	
once.	
uploadvectoS3db.jar	 This	tools	stores	entropy	information	
generated	 for	 each	 reference	
sequence	via	 the	 rdpse-s.jar	 tool	 to	a	
	 50	
SQLITE3	database,	which	can	then	be	
used	 in	 generating	 Shannon	 entropy	
based	 scores	 for	 query	 sequences.	
This	 significantly	 enhanced	 the	
throughput	of	the	system.	
TaxaSE.jar	 The	 main	 Shannon	 entropy	 based	
taxonomic	 annotation	 system.	 The	
tool	 used	 a	 SQLITE3	 database	 file	
containing	 entropy	 information	 for	
reference	 sequences	 as	 well	 as	
alignment	 results	 generated	 from	
reduceusoutput.jar.	 The	 system	 then	
outputs	 Shannon	 entropy	 based	
results.		
Silva-slicer-*.jar	 A	set	of	tools	that	assists	in	removal	of	
taxa	 based	 validation	 approach.	 The	




singlethresholdvalidator.jar	 This	 tool	 assists	 in	 the	 validation	
process.	 The	 tool	 consisted	 of	 two	
parts,	which	calculated	precision	and	
recall	 for	 whole	 SILVA	 dataset	 and	
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removal	 of	 taxa	 based	 datasets	
respectively.	 The	 tool	 used	 a	 list	 of	





well	 as	 the	 original	 FASTA	 File	 and	
SILVA	 taxonomy	 data	 are	 used	 to	








For	 the	whole	SILVA	based	dataset,	 the	precision	vs.	recall	 curves	 for	Shannon	
entropy	 and	 percentage	 identity	 approaches	 is	 illustrated	 in	 Figure	 2-2.	 Both	
approaches	demonstrated	similar	performance.	Given	that	this	was	a	simulation	




































As	 with	 the	 aforementioned	 whole	 SILVA	 dataset	 based	 validation,	 the	
precision/curve	 of	 both	 Shannon	 entropy	 and	 percentage	 identity	 approaches	
closely	 match	 each	 other	 for	 removal	 of	 genera	 based	 dataset	 (Figure	 2-3).		



































The	 precision	 vs.	 recall	 curves	 for	 removal	 of	 families-based	 validation	 is	
illustrated	in	Figure	2-4.	For	most	of	the	graph,	the	precision	vs.	recall	curve	for	
































































The	 calculated	 area	 under	 the	 curve	 for	 both	 approaches	 showed	 a	 slight	


















compared	 to	 Shannon	 entropy,	 where	 lower	 thresholds	 are	 needed	 to	 attain	













while	 reaching	 the	 maximum	 value	 at	 0.7	 thresholds	 for	 all	 three	 validation	
approaches	(removal	of	genus,	families	and	class).		
	
Shannon	 entropy	 followed	 the	 same	 pattern	 with	 lower	 threshold	 needed	 for	
equivalent	 accuracy.	 Additionally,	 the	 accuracy	 value	 for	 the	 highest	 two	




































































































































































The	 new	 Shannon	 entropy	 based	 sequence	 similarity	metric	 can	 be	 used	 as	 a	
replacement	of	industry	standard	percentage	identity.	The	new	approach	showed	
comparative	performance	for	whole	SILVA	dataset	and	slightly	lower	for	removal	





Shannon	 entropy	 approach	 closely	 follows	 the	 Percentage	 identity	 based	























bias	 towards	 specific	 taxa	 groups.	 Later	 chapters	 in	 this	 study	 where	 more	
samples	and	replicates	are	included	also	illustrate	an	improvement	as	well.	Lastly,	
the	different	behavior	shown	by	the	precision	vs	recall	curves	for	removal	of	taxa	















accuracy	 to	 percentage	 identity	 at	 a	 later	 threshold	 (Figure	 2-6	 and	 2-7).	
Additionally,	 the	 increase	 in	 accuracy	 with	 decreasing	 threshold	 differs	 for	
different	levels	of	taxa.	
	





taxonomic	 resolution	 especially	 at	 the	 species	 level,	 as	 sequences	 belonging	 to	
different	species	can	be	erroneously	considered	identical	as	only	the	number	of	
mismatches	is	counted	but	not	the	locations	where	these	mismatches	occur	(Fox	
et	 al.,	 1992).	 Unlike	 the	 aforementioned	 percentage	 identity,	 the	 new	 Shannon	
entropy	based	approach	effectively	captures	evolutionary	conservation	from	the	
16S	 rRNA	 gene	 sequences	 as	 every	 location’s	 degree	 of	 variability	 is	 directly	
determined	and	used	 in	the	new	scoring	scheme.	This	represents	advancement	
towards	 better	 similarity	 measurements	 and	 which	 is	 in	 accordance	 with	 the	
evolution	 of	 sequences	 (Woese,	 1987).	 The	 results	 illustrate	 better	 annotation	
capability	 at	 class	 and	 families	 level	 while	 being	 comparative	 to	 percentage	
identity	at	other	taxa	levels.	A	limitation	of	the	new	method	is	that	only	the	best	
alignment	was	taken.	The	impact	on	the	results	may	be	small	as	it	is	more	likely	




on	 multiple	 alignments	 may	 yield	 better	 results,	 as	 this	 would	 allow	 for	
differentiating	between	assignments	that	are	very	closely	related.			
	
An	 alternative	 to	 quantifying	 evolutionary	 conservation	 via	 Shannon	 Entropy	
would	be	the	application	of	Stochastic	Context	Free	Grammar	based	tools	such	as	
SSU-align	 (Nawrocki,	Kolbe,	&	Eddy,	2009).	While	keeping	 the	model	 structure	
contact,	 the	 emission	 and	 transition	 probabilities	 can	 be	 trained	 for	 each	
taxonomic	 level,	 which	 is	 then	 used	 for	 developing	multiple	models.	 	 A	 query	
sequence	could	then	be	searched	against	all	models,	with	the	best	model	being	
selected.	Another	avenue	would	be	to	use	SCFG	based	tools	for	generating	better	





Given	 that	 the	vast	majority	of	 sequences	are	uncultivated	 (Huson	et	 al.,	 2007;	
Marcy	et	 al.,	 2007),	 there	 is	 a	higher	 likelihood	 that	 in	many	ecological	studies	
unknown	 sequences	 will	 be	 detected.	 The	 best	 possible	 annotation	 of	 these	
sequences	will	give	insight	into	the	inner	workings	of	the	environment,	even	if	the	
exact	 taxonomic	 annotation	 cannot	 be	 determined	 at	 finer	 taxonomic	 levels	
(Huson	et	al.,	2007).	For	this	reason,	new	approaches	must	be	able	to	handle	these	









Shannon	 entropy	 is	 calculated	 across	 the	whole	 of	 16S	 rRNA	 gene	 in	 the	 new	








percentage	 identity	 metric	 for	 sequence	 similarity	 where	 the	 evolutionary	
conservation	information	of	16S	rRNA	genes	are	directly	exploited	to	form	a	new	
high	resolution	scoring	method.	Most	popular	approaches	forgo	the	utilization	of	
this	 inherent	 information	 contained	 within	 the	 16S	 rRNA	 sequences,	 instead	
relying	on	a	measure	that	only	counts	mismatches	between	sequences.	Given	the	
variability	across	the	whole	of	16S	rRNA,	not	every	base	may	be	equally	important	




The	 approach	 is	 competitive	 enough	 that	 it	 can	 be	 used	 alongside	 commonly	
applied	percentage	identity	scoring	schemes.	The	new	approach	performs	slightly	
worse	 for	 whole	 SILVA	 and	 removal	 of	 genera	 based	 validation,	 although	 the	
performance	 is	 just	within	 reach	of	percentage	 identity.	Furthermore,	 Shannon	
entropy	based	approach	shows	improved	performance	for	removal	of	families	and	
class	based	validation.	This	is	especially	important	given	that	majority	of	bacterial	
sequences	 are	 not	 annotated,	 and	 more	 and	more	 novel	 sequences	 are	 being	
detected	 in	 almost	 all	 of	 the	 next-generation	 sequencing	 projects.	 Hence	 new	








increase	 in	 the	 diversity	 present	 in	 the	 aligned	 database	 would	 improve	 the	
system	 due	 to	 generation	 of	 Shannon	 entropy	 information	 that	 captures	
variability	 in	 the	16S	rRNA	marker	gene	much	more	effectively.	Higher	quality	










Advances	 in	 sequencing	 technology	 have	 led	 to	 an	 explosion	 in	 the	 amount	 of	
biological	 data	 being	 generated	 (Thorsen	 et	 al.,	 2016).	 Given	 the	 importance	
played	by	microbes	 in	 the	 inner	working	of	 the	environment	(Kirk	et	al.,	2004;	
Mackelprang	et	al.,	2016)	and	the	effects	on	human	health	(Stefka	et	al.,	2014;	von	
Mutius,	 2016),	 numerous	 studies	 are	 being	 conducted	 to	 elucidate	 the	 various	
mechanisms	 by	 which	 these	 microbes	 influence	 their	 surroundings	 (Gilbert,	
Jansson,	&	Knight,	2014).	As	a	 consequence,	bioinformatics	pipelines	aiming	 to	
characterize	microbial	community	composition,	have	been	developed	alongside	
various	 16S	 rRNA	 gene	 sequence	 databases,	 which	 serve	 as	 a	 reference	 set	 of	
sequences	for	microbial	taxonomic	analysis	(Santamaria	et	al.,	2012).		
	
Popular	 taxonomic	 annotation	 pipelines	 include	 MG-RAST	 (Aziz	 et	 al.,	 2008),	
MEGAN	(Huson	et	al.,	2007),	QIIME	(Caporaso	et	al.,	2010)	and	MOTHUR	(Schloss	
et	al.,	2009).	MG-RAST	(Aziz	et	al.,	2008)	is	an	online	service	for	phylogenetic	and	














diversity	 of	 the	 human	 microbiome	 (Human	 Microbiome	 Project,	 2012),	 gut	
microbiota	(Claesson	et	al.,	2012;	Turroni	et	al.,	2012),	soil	bacterial	communities	





The	 majority	 of	 taxonomic	 annotation	 systems,	 including	 QIIME,	 use	 OTU	 or	
operational	taxonomic	unit,	as	the	defining	concept	for	determining	community	
composition	 (He	 et	 al.,	 2015).	 Considered	 as	 a	 de	 facto	 standard	 approach	 to	
analysis,	 OTUs	 are	 formed	 by	 clustering	 sequences	 on	 the	 basis	 of	 a	 specified	
similarity	 threshold	 such	 as	 97%	 (Drancourt	 et	 al.,	 2000;	 Tikhonov,	 Leach,	 &	




representative	 OTUs	 from	 a	 list	 of	 sequences	 drastically	 cuts	 down	 on	
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computational	requirements	for	analysis.	This	gives	the	ability	to	quickly	perform	
fast	 annotation,	 in	 addition	 to	 providing	 abundance	 information	 of	 how	many	
reads	 form	 an	 OTU	 cluster	 (He	 et	 al.,	 2015;	Methé	 et	 al.,	 2012)	 and	 therefore	
allowed	for	rapid	analysis	of	large	datasets	(Nguyen	et	al.,	2016).		
	
However,	both	 taxonomic	annotation	and	OTU	generation	 suffers	 from	various	
limitations.	Being	a	non-evolutionary	based	distance	metric	(Nguyen	et	al.,	2016),	
the	percentage	identity	metric,	which	is	used	to	determine	sequence	similarity	for	
both	 taxonomic	 annotation	 and	 OTU	 generation,	 provides	 an	 inaccurate	















the	 algorithm	 used	 (Tikhonov	 et	 al.,	 2015),	 with	 common	 OTU	 creation	
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approaches	 sometimes	 leading	 to	 inflation	 of	 species	 level	 diversity	 estimates	
(Edgar,	2013;	White	et	al.,	2010).	This	is	compounded	by	the	fact	that	certain	OTU	
construction	 techniques	 generate	 instable	 OTUs	 where	 the	 membership	 of	
sequences	changes	significantly	with	the	addition	of	new	sequences	or	samples	to	




downstream	 diversity	 analysis	 including	 rarefaction	 curves,	 which	 determine	
how	much	diversity	was	captured	as	well	as	the	identification	of	individual	OTUs	
(He	 et	 al.,	 2015;	 Nguyen	 et	 al.,	 2016).	 Given	 that	 most	 taxonomic	 annotation	
pipelines	 regularly	 employ	 percentage	 identity	 based	 OTU	 clustering	 for	 any	
downstream	analysis,	these	pipelines	therefore	suffer	from	the	same	limitations	
as	 well.	 	 However,	 newer	 tools	 such	 as	 PhylOTU	 use	 phylogenetic	 distances	
instead	 of	 percentage	 identity	 to	 generate	 OTUs,	 though	 these	 are	 targeted	
towards	shotgun	metagenomics	datasets	(Sharpton	et	al.,	2011).	
	
This	 study	 aims	 to	 address	 these	 issues	 and	 overcome	 these	 limitations	 by	










approach	where	sequences	are	annotated	 individually.	This	would	result	 in	 the	













because	 it	 provides	 various	 tools	 for	 downstream	 analysis	 of	 taxonomic	
annotations	and	is	underpinned	by	similarity	based	annotations	via	the	popular	
USEARCH	sequence	aligner	(Edgar,	2010).	Furthermore,	TaxaSE	was	integrated	


















was	 based	 on	 handling	 different	 aspects	 of	 analysis	 by	modules	of	 scripts	 and	
tools,	and	the	workflow	used	is	as	follows:	




and	 Java	 tools	 were	 developed	 for	 using	 multiple	 reference	 files	 with	
USEARCH	and	generating	the	best	read.	



















USEARCH	 UDB	 format	 for	 use	 in	
sequence	 alignment.	 SILVA	 reference	
database	 was	 broken	 down	 into	
smaller	 files	 due	 to	 memory	
limitations	of	32-bit	USEARCH	aligner.	
usearch_align	 This	 script	 performs	 sequence	
alignment	 of	 datasets	 via	 USEARCH	
aligner	 with	 reference	 database	 in	
UDB	format	
reduceusoutput.jar	 USEARCH	generated	results	from	each	




TaxaSE.jar	 The	 main	 Shannon	 entropy	 based	
taxonomic	 annotation	 system.	 The	
tool	 used	 a	 SQLITE3	 database	 file	
containing	 entropy	 information	 for	
reference	 sequences	 as	 well	 as	
alignment	 results	 generated	 from	
reduceusoutput.jar.	 The	 system	 then	
outputs	 Shannon	 entropy	 based	
results.		
se_threshold_converter.jar	 This	tool	used	a	list	of	thresholds	in	a	
text	 to	 convert	 annotation	 to	 proper	
level	 in	 the	 results	 generated	 from	
TaxaSE.jar	tool.	
se_to_qiime.jar	 Using	 the	 information	 present	 in	
TaxaSE	results	file,	this	tool	generated	
QIIME	 compatible	 files,	 which	 can	










were	 collected	 from	 2	 plants	 per	 stool.	 Samples	 were	 snap-frozen	 in	 liquid	
nitrogen	in	the	field,	transported	to	the	laboratory	on	dry	ice	and	stored	at	-80	oC.	
Frozen	sugarcane	tissue	samples	were	ground	using	mortar	and	pestle	and	DNA	
was	 extracted	 from	 the	 resulting	 powder	 using	 the	 MoBio	 PowerPlant	 DNA	






A	 total	 of	 158	 samples,	 belonging	 to	 these	 environments	 were	 analyzed	 for	
comparison	between	TaxaSE	and	 the	RDP	classifier,	 a	naïve	Bayesian	 classifier	



























a. Finally,	 the	 merged	 reads	 were	 analyzed	 for	 the	 presence	 of	















a. Sample	 files	 belonging	 to	 different	 environments	were	 combined	
and	a	list	of	OTUs	were	generated	using	UCLUST	(Edgar,	2010).	This	
ensured	consistency,	as	similar	OTUs	could	then	be	compared.	


















which	 had	 the	 same	 taxonomic	 annotations,	 were	 combined	
together	to	form	pseudo-OTUs.	
b. For	TaxaSE,	sequences	were	individually	annotated	and	similar	to	
QIIME,	 collections	 of	 sequences	 were	 combined	 together	 on	 the	







1) QIIME	specific	 SILVA	 (Pruesse	et	 al.,	 2007)	database	v119	was	used	 for	
QIIME	based	analysis.	For	the	TaxaSE	system,	SILVA	database	v123	was	
utilized	for	annotation	purposes.	
2) OTUs	 belonging	 to	 eukaryota	 and	 archaea	 were	 removed	 from	 QIIME	
results	 as	 the	primary	 comparison	between	both	 systems	was	based	on	
bacterial	taxonomic	annotations.	
	
Given	 that	 sequences	 were	 annotated	 individually	 in	 the	 distinct	 taxonomic	
annotation	 approach,	 a	 set	 of	 thresholds	 was	 selected	 for	 the	 TaxaSE	 system,	
which	 is	 listed	 in	 Table	 3-3.	 As	 from	 Chapter	 2,	 the	 Shannon	 entropy	 based	
similarity	 metric	 reached	 similar	 accuracy	 at	 a	 lower	 threshold	 compared	 to	
percentage	 identity.	 Furthermore,	 while	 the	 percentage	 identity	 metric	
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underestimates	evolutionary	distances	between	sequences,	the	Shannon	entropy	
based	 approach	 provided	 a	 more	 accurate	 assessment.	 Hence	 the	 threshold	
selected	 for	each	taxa	 level	were	selected	on	an	ad	hoc	basis	and	were	slightly	
























For	 the	 aforementioned	 two	 approaches,	 the	 following	 diversity	 analysis	were	
performed:	
1) Alpha	 diversity	 analysis	 was	 implemented	 using	 QIIME’s	 inbuilt	
alpha_rarefaction.py	script.	




2) Beta	 diversity	 analysis	 was	 accomplished	 by	 using	 QIIME’s	




is	 therefore	 a	 useful	 step	 for	 comparing	 different	 taxonomic	
annotation	pipelines.	
3) Quantitative	 comparison	 of	 both	 QIIME	 and	 TaxaSE	 pipelines	 was	
performed	 via	 ADONIS	 (Anderson,	 2001)	 and	 ANOSIM	 (CLARKE,	 1993)	
statistical	 tests.	 	 The	 compare_categories.py	 script	 was	 used	 for	 this	
purpose.	
a. ADONIS	 represents	 a	 non-parametric	 multivariate	 analysis	 of	


















with	59.6	while	 TaxaSE	 generated	 a	 standard	error	of	63.5.	Welch’s	 t-test	was	
conducted	 to	 compare	 both	 approaches,	 where	 no	 significant	 difference	 was	
observed	 between	 QIIME	 	 (M=3482.09,	 SD=197.8)	 and	 TaxaSE	 (M=3502.3,	
SD=210.77);	t	(19)=0.2316,	p	=	0.8193.		
	









3816.	 Observed	 species	 standard	 error	 for	 TaxaSE	 system	 was	 at	 80.5,	 while	















annotated	 OTUs.	 As	 no	 statistically	 significant	 differences	 were	 found	 for	 all	













QIIME	 at	 10.03.	 Standard	 error	 for	 Shannon	diversity	was	 also	 similar,	 where	



































































at	 0.126,	 while	 QIIME	 generated	 a	 standard	 error	 of	 0.125.	 No	 statistically	






slightly	higher	 in	 the	 case	of	TaxaSE	 at	0.098,	with	QIIME	coming	up	at	0.097.	




6.35	 while	 QIIME	 produced	 6.34	 (Figure	 3-2d).	 Standard	 error	 was	 also	 very	
similar	with	TaxaSE	producing	a	standard	error	of	0.136	while	QIIME	generated	
0.135.	Here	as	well,	Welch’s	 t-test	showed	no	statistically	significant	difference	












































































captured	 similar	 patterns	 as	 the	 QIIME/Uclust	 method	 and	 therefore	 can	 be	
effective	 in	generating	alpha	diversity	analysis.	 Soil	 environment	had	 the	most	
OTUs	as	well	as	a	higher	Shannon	diversity	 index,	 followed	by	rhizosphere	and	
root	environments.	In	contrast	to	these,	Stem	significantly	showed	less	diversity,	






3-3a.	 Samples	 from	 stem	were	 segregated	 from	 the	 rest	 of	 the	 habitats,	 while	





distinct	 from	 the	 rest	 of	 habitats	 with	 root	 and	 soil	 samples	 showing	 some	
segregation	 as	 well.	 Here	 as	 well,	 the	 first	 axis	 is	 able	 to	 explain	 30.64%	 of	
variability,	in	the	same	manner	as	TaxaSE	system.		
	
Both	 approaches	 showed	 a	 similar	 segregation	 of	 samples	 on	 the	 basis	 of	
environment,	where	the	segregation	pattern	were	similar	across	both	approaches,	
and	 PC1,	 PC2	 and	 PC3	 for	 both	 approaches	 explained	 a	 similar	 amount	 of	
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variability.	 With	 respect	 to	 beta	 diversity	 analysis,	 TaxaSE	 system	 provided	
similar	ecological	patterns	as	were	generated	by	QIIME.	
	







QIIME	 and	 TaxaSE	 system	 explained,	 with	 the	 results	 listed	 in	 Table	 3-4	 for	
ADONIS.	TaxaSE	system	captured	the	same	variation	when	samples	are	grouped	
by	habitats	as	by	QIIME	and	therefore	 is	able	 to	capture	similar	patterns.	Here	













Habitats	 3	 20.354			 6.7846			 29.331	 0.37767			 0.001	
Residuals	 145	 33.540			 0.2313	 	 0.62233								 	









Habitats	 3	 20.352			 6.7841			 29.323	 0.3776			 0.001	
Residuals	 145	 33.547			 0.2314										 	 0.6224												


















The	alpha	rarefaction	plots	(Figure	3-4)	 for	all	 three	approaches	show	that	 the	





































































distinct	 taxonomic	 annotations	 at	 807,	 while	 QIIME	 at	 99%	 OTU	 similarity	
produced	578	distinct	taxonomic	annotations	and	QIIME	at	97%	OTU	similarity	





OTU	 similarity	 (M=515.18,	 SD=40.79)	 and	 QIIME	 at	 99%	 OTU	 similarity	
(M=577.91,	SD=51.71),	t	(18)	=	3.1216,	p	=	0.0059.	Furthermore,	Welch’s	t-test	
also	 reported	 a	 statistically	 significant	 difference	 between	 QIIME	 at	 97%	OTU	
similarity	 (M=515.18,	 SD=40.79)	 and	 TaxaSE	 (M=807.64,	 SD=99.68),	 t	 (13)	 =	
9.0059),	p	=	0.0001.	Lastly,	the	difference	was	also	statistically	significant	between	
QIIME	 at	 99%	 OTU	 similarity	 (M=577.91,	 SD=51.71)	 and	 TaxaSE	 (M=807.64,	











Welch’s	 t-test	 illustrated	 a	 statistically	 significant	 difference	 between	QIIME	 at	
97%	 OTU	 similarity	 (M=522,	 SD=92.96)	 and	 QIIME	 at	 99%	 OTU	 similarity	
(M=593.41,	 SD=102),	 t	 (75)	 =	 3.2315,	 p	 =	 0.0018.	 A	 statistically	 significant	
difference	was	observed	via	Welch’s	t-test	between	QIIME	at	97%	OTU	similarity	
(M=522,	 SD=92.96)	 and	TaxaSE	 (M=890.08,	 SD=167.99),	 t	 (61)	=	 12.0882,	p	 =	
0.0001.	Finally,	the	difference	was	also	statistically	significant	between	QIIME	at	
99%	OTU	similarity	(M=593.41,	SD=102)	and	TaxaSE	(M=890.08,	SD=167.99),	t	








system	 had	 the	 highest	 standard	 error	 at	 29.99,	 while	 QIIME	 at	 99%	 OTU	
similarity	was	at	18.1	and	lastly	QIIME	at	97%	OTU	similarity	at	16.6.		
	
A	 statistically	 significant	 difference	 was	 observed	 via	 Welch’s	 t-test	 between	
QIIME	 at	 97%	OTU	 similarity	 (M=573.75,	 SD=119.67)	 and	QIIME	 at	 99%	OTU	
similarity	 (M=648.52,	 SD=130.54),	 t	 (101)	 =	 3.0445,	 p	 =	 0.003.	 A	 statistically	









number	 of	 distinct	 taxonomic	 annotations	 at	167,	 it	 also	 produced	 the	 highest	






QIIME	 at	 97%	 OTU	 similarity	 (M=101.19,	 SD=58.35)	 and	 QIIME	 at	 99%	 OTU	
similarity	 (M=120.71,	 SD=71.48),	 t	 (78)	 =	 1.3713,	 p	 =	 0.1742.	 However,	 a	
statistically	 significant	 difference	 was	 found	 between	 QIIME	 at	 97%	 OTU	





here,	 although	 the	 new	 TaxaSE	 pipeline	 produced	 more	 distinct	 taxonomic	





















































































Figure	 3-6a.	 Furthermore,	 QIIME	 at	 99%	 OTU	 similarity	 produced	 a	 Shannon	
diversity	index	of	7.1	while	QIIME	at	97%	OTU	similarity	produced	6.9	as	Shannon	
diversity	 index.	 Standard	error	 for	TaxaSE	was	0.084,	with	QIIME	at	99%	OTU	
similarity	at	0.049	and	QIIME	at	97%	OTU	similarity	at	0.052.	
	
















The	 difference	 was	 not	 statistically	 significant	 between	 QIIME	 at	 97%	 OTU	
similarity	 (M=6.628,	 SD=0.648)	 and	 QIIME	 at	 99%	 OTU	 similarity	 (M=6.829,	
SD=0.617),	t	(75)	=	1.4059,	p	=	0.1639.	However,	the	difference	was	statistically	
significant	 between	 QIIME	 at	 97%	 OTU	 similarity	 (M=6.628,	 SD=0.648)	 and	
TaxaSE	 (M=7.673,	 SD=0.59),	 t	 (75)	=	7.4996,	p	=	0.0001.	Finally,	Welch’s	 t-test	





QIIME	 at	 97%	and	QIIME	 at	 99%	 (Figure	 3-6c),	where	TaxaSE	 showed	higher	
diversity	 index	 at	 7.77	 than	 both	 QIIME	 methods,	 with	 QIIME	 at	 97%	 OTU	




Welch’s	 t-test	 illustrated	 that	 the	 difference	 was	 not	 statistically	 significant	
between	QIIME	at	97%	OTU	similarity	(M=7.08,	SD=0.499)	and	QIIME	at	99%	OTU	
similarity	 (M=7.266,	 SD=0.485),	 t	 (101)	 =	 1.9296,	 p	 =	 0.0565.	 However,	 the	
difference	 was	 statistically	 significant	 between	 QIIME	 at	 97%	 OTU	 similarity	















(81)	 =	 5.1809,	 p	 =	 0.0001.	 Similarity,	 the	 difference	 was	 also	 found	 to	 be	
statistically	 significant	 between	 QIIME	 at	 97%	 OTU	 similarity	 (M=1.663,	

















Figure	 3–6:	 Shannon	 diversity	 for	 distinct	 taxonomic	 annotation	
comparison	with	a)	rhizosphere,	b)	root,	c)	soil	and	d)	stem.	QIIME	at	97%	
OTU	similarity	is	shown	in	blue,	QIIME	at	99%	OTU	similarity	in	dark	blue	

























































































here	 as	 well,	 stem	 samples	 were	 well	 segregated	 from	 other	 samples.	









Figure	 3–7:	 Beta	 diversity	 principle	 coordinate	 analysis	 plots	 for	 distinct	
taxonomic	 annotation	 comparison	 of	 sugarcane	 dataset	with	 a)	 QIIME	 at	
























Habitats	 3	 25.417			 8.4725			 99.008	 0.67965			 0.001	
Residuals	 140	 11.980			 0.0856										 	 0.32035								 	









Habitats	 3	 25.317			 8.4391			 95.371	 0.67145			 0.001	
Residuals	 140	 12.388			 0.0885										 	 0.32855								 	










Habitats	 3	 23.700			 7.9000			 76.743	 0.62186			 0.001	
Residuals	 140	 14.412			 0.1029										 	 0.37814								 	

























approaches,	 with	 the	 utilization	 of	 a	 potentially	 more	 evolutionary	 correct	











The	microbial	 community	was	observed	 to	be	more	diverse	 in	 the	 case	of	 soil,	
rhizosphere	 and	 root	 habitats,	 which	 are	 expected	 to	 have	 a	 high	 degree	 of	
diversity	 (Kirk	 et	 al.,	 2004;	 Pinton,	 Varanini,	 &	 Nannipieri,	 2001).	 However,	
samples	from	the	stem	environment	were	far	less	diverse.	This	was	primarily	due	




for	 only	 a	 limited	 number	 of	 microbes	 (Imam,	 Singh,	 &	 Shukla,	 2016).	
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annotations	 for	 root	 and	 soil	 samples.	 Shannon	 diversity	 index	 were	 almost	
identical	for	all	four	habitats	across	both	pipelines.	
	
The	 beta	 diversity	 plots	 were	 almost	 identical,	 capturing	 the	 same	 ecological	
patterns.	 A	 limited	 separation	 is	 observed	 between	 soil,	 rhizosphere	 and	 root	
samples,	with	some	overlap	because	of	the	plant-soil	close	association	(Ke	&	Miki,	







TaxaSE	was	 0.37767,	which	was	 slightly	 higher	 than	 R2	 value	 for	 QIIME.	 This	
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would	 suggest	 that	 the	 new	 system	was	 slightly	 better	 at	 explaining	 variance.	
ANOSIM	results	were	similar	for	both	approaches.	
	
Overall,	 TaxaSE	 provided	 similar	 alpha	 diversity	 and	 beta	 diversity	 result	










all	 four	 habitats.	 This	 illustrated	 the	 applicability	 of	 an	 OTU-independent	







stem	 samples	were	 distinctly	 separated	 from	root,	 soil	 and	 rhizosphere	 for	 all	
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ability	 of	 the	 system	 to	 explain	 variability	 on	 the	 basis	 of	 taxonomy	 fell	 as	 an	
increase	 in	 the	 number	 of	 variables	 leads	 to	 a	 reduction	 in	 the	 total	 variation	
explained	 (Nagelkerke,	 1991).	 	 A	 similar	 case	was	 observed	 between	QIIME	 at	






where	 QIIME	 at	 97%	 OTU	 similarity	 produced	 the	 least	 number	 of	 distinct	
annotations	and	explained	 the	most	variance	and	TaxaSE	system	produced	the	
most	 number	 of	 distinct	 annotations	 but	 with	 low	 explanation	 of	 variance.	
Therefore,	given	that	the	ADONIS	test	described	how	much	variation	is	explained	
by	 grouping	 on	 the	 basis	 of	 location,	 less	 variation	 is	 being	 explained	 by	
approaches	with	a	higher	number	of	taxonomic	annotations.	This	may	be	because	
some	 taxonomic	 annotations	 were	 common	 across	 different	 habitats	 and	

















directly	 analyzing	 sequences,	 it	 improves	 upon	 current	 methods	 that	 rely	 on	
percentage	identity	methods	while	using	an	OTU	based	approach.		
	
The	 OTU	 independent	 approach	 provides	 an	 alternative	 method	 to	 improving	
taxonomic	annotation.	While	 this	 comes	at	 the	expense	of	more	 computational	
time	and	requirement	of	higher	resources,	it	can	be	used	to	delve	deeply	into	finer	
level	of	taxa	levels	and	can	lead	to	improved	annotation	process	as	a	result.	Alpha	






finer	 resolution,	 this	 approach	 can	 be	 applied	 for	 ecological	 projects	 where	
samples	are	smaller	in	size.	The	results	of	applied	environmental	dataset	analysis	




approach	 based	 on	 Shannon	 entropy,	 TaxaSE	 represents	 a	 step	 forward	 in	
taxonomic	annotation	of	microbial	DNA	sequences.		
	
Furthermore,	by	 integrating	 in	QIIME,	TaxaSE	can	be	used	quickly	 in	microbial	
ecology	projects	to	enhance	the	resolution	of	annotation	and	explore	the	diversity	
within	each	OTU.	In	essence	this	would	require	minimum	effort	on	learning	the	
pipeline	 and	 generating	 ecologically	 important	 results.	 Future	 work	 for	 this	
pipeline	would	 include	more	 extensive	 benchmarking	 across	more	 habitats	 as	
well	 as	 different	 OTU	 algorithms	 present	 within	 QIIME	 and	 other	 taxonomic	










Microbial	 communities	 play	 an	 essential	 role	 in	 the	 inner	 working	 of	 every	
environment	 on	 the	 planet.	 These	microorganisms	 are	 genetically	 diverse	 and	
occupy	every	known	habitat	where	they	participate	in	driving	nutrient	cycles	and	
form	the	basis	of	food	webs.	The	niche	of	these	organisms	however,	is	influenced	
by	 environmental	 characteristics	 especially	 in	 the	 context	 of	 the	Baas-Becking	
hypothesis	(Baas-Becking,	1934),	which	states	that,	“everything	is	everywhere	but	











exploited.	 Given	 that	 microbes	 affect	 the	 inner	 working	 of	 the	 environment	
directly	 via	 participating	 in	 various	 functional	 processes,	 environmental	 data	
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concerning	these	sequences	would	be	more	informative	when	understanding	the	





facilitate	 curation	 of	metadata	 in	 a	 standardised	 format	 such	 as	 the	minimum	
information	 about	 any	 sequence	 specifications	 (Yilmaz	 et	 al.,	 2011)	 by	 the	
Genomic	Standards	Consortium	(Field	et	al.,	2011).	Furthermore,	sequence	data	
submission	to	many	public	databases	including	GenBank	(Benson	et	al.,	2012)	and	
INSDC	 (Nakamura,	 Cochrane,	 &	 Karsch-Mizrachi,	 2013)	 as	 well	 as	 online	
bioinformatics	tools	like	MG-RAST	(Aziz	et	al.,	2008)	have	specific	metadata	fields	






been	 developed	 that	 utilise	 this	 information	 in	 a	 novel	 way.	 The	 foremost	 is	
microbial	 biogeography,	 which	 emerged	 to	 link	 microbial	 diversity	 with	
geographical	locations	and	aimed	to	determine	the	various	distribution	patterns	
of	microbes	(Martiny	et	al.,	2006).	However,	while	most	work	in	biogeography	has	
been	 habitat-specific,	 environmental	 factors	 rather	 than	geographical	 locations	
may	 be	 more	 influential	 on	 microbial	 diversity	 (Fierer	 &	 Jackson,	 2006)	 and	
represents	 the	 current	 limitation	 in	 these	 approaches.	 Other	 examples	 of	
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metadata	 use	 include	 visualization	 of	 phylogenetic	 trees	 with	 environmental	
context	 (Pirrung	 et	 al.,	 2011)	 and	 linking	 publicly	 accessible	 metadata	 to	








precise	 and	 consistent	 environmental	 description	 for	 the	 origins	 of	 these	
sequences	 and	 the	 samples	 they	 came	 from,	 is	 needed.	 To	 that	 end,	 the	
Environmental	 Ontology,	 or	 ENVO	 Ontology	 provides	 a	 structured,	 controlled	
vocabulary	in	a	hierarchical	list	of	descriptors,	which	can	then	be	used	to	organize	
environmental	data	in	a	coherent	and	unambiguous	manner	(P.	L.	Buttigieg	et	al.,	
2013).	 In	 essence,	 the	 ontology	 provides	 a	 list	 of	 standardized	 environment	
descriptors	 that	can	be	used	to	properly	explain	the	environment	or	habitat	as	
well	 as	 its	 noticeable	 features	 and	 has	 been	 adopted	 by	MG-RAST	 (Aziz	 et	 al.,	
2008),	 the	 iMicrobe	 project	 (Pier	 Luigi	 Buttigieg	 et	 al.,	 2016)	 and	 Earth	
Microbiome	Project	(Gilbert	et	al.,	2014).	
	
The	 NCBI-NT	 database	 provides	 a	 wealth	 of	 information	 with	 respect	 to	
environmental	 metadata.	 Sequences	 submitted	 to	 the	 database	 may	 contain	 a	




exploited	 to	 label	 sequences	with	 the	necessary	environmental	 annotation	and	
can	 enable	 characterization	 of	 any	 ecological	 project	 with	 respect	 to	
environmental	terms	using	the	ENVO	ontology.		
	




algorithm	 (Altschul	 et	 al.,	 1990).	 From	 the	 hits	 that	 match	 against	 the	 query	
sequences,	 text	 fields	 carrying	 environmental	 information	 such	 as	 isolation	
sources	found	in	the	metadata	are	extracted.	Given	that	isolation	sources	are	in	
the	form	of	short	English	sentences,	this	information	is	converted	into	the	nearest	
ENVO	 ontology	 terms	 (P.	 L.	 Buttigieg	 et	 al.,	 2013).	 Text	 mining	 is	 therefore	





environmental	 terms	 on	 the	 basis	 of	 sample	 datasets	 and	 lacks	 a	 taxa	 centric	







a	 taxa	 centric	 approach,	 which	 would	 be	 valuable	 to	 any	 biologist	 seeking	 to	
understand	the	various	taxa	present	in	the	habitat	and	which	environment	they	
originated	from,	enabling	a	more	thorough	analysis	of	which	taxa	are	abundant	in	






context.	 This	 chapter	 therefore	 tested	 the	 hypothesis	 that	 environmental	
annotation	could	enhance	analysis	of	microbial	communities	and	the	annotations	







accomplished	 by	 illustrating	 the	 abundance	 of	 environmental	 terms	 or	 taxa	 in	















2) From	 the	 hits,	 isolation	 source	 metadata	 was	 extracted	 using	 the	 NCBI	
global	identifier.	
a. Genomes,	genes	and	sequences	submitted	to	NCBI	have	associated	
metadata	 available.	 Isolation	 source	 describe	 the	 geographical	
and/or	environmental	information	related	to	the	specific	sequence	
or	genome	that	was	submitted	to	NCBI.	
b. However,	 given	 that	 isolation	 sources	 are	 not	available	 for	 every	
sequence,	 either	 because	 no	 information	 was	 submitted	 or	 is	
available,	global	identifiers	that	do	not	have	this	information	were	
ignored.	






number	 of	 hits	 against	 NCBI-NT.	 The	 resultant	 ENVO	 terms	 were	
normalized	 for	 every	 query	 sequence.	 In	 essence,	 each	 sequence	 was	
described	by	a	set	of	ENVO	terms	and	their	associated	frequency,	and	for	






















1) From	 the	 list	 of	 distinct	 taxonomic	 annotation	 results,	 a	 collection	 of	
sequences	was	selected	on	the	basis	of	a	genus	level	threshold.	





















A	 taxon	 abundance	 or	 contribution	 to	 each	 environment	 terms	 provides	more	
detailed	 information	 and	 can	 help	 understand	 which	 sequences	 may	 be	 more	
important	in	contributing	to	a	particular	environment.	Building	upon	the	current	
version	 of	 SEQenv	 (Sinclair	 L,	 2016)	 by	 extracting	 taxa	 abundance	 for	 a	 given	













2) For	 each	 of	 these	 sequences,	 the	 associated	 taxonomic	 annotation	
information	was	recovered	from	TaxaSE	results.	
3) If	 one	or	more	sequences	belong	 to	 the	same	taxonomic	annotation,	 the	
contribution	by	each	sequence	was	added	together.	
4) Taxonomic	 annotations	were	 then	 ranked	 according	 to	 how	much	 they	
contributed	to	the	environment	term.	
	












Relating	 environmental	 information	 to	 sequences	 in	 a	 direct	 fashion	 would	
improve	 our	 understanding	 of	 how	 they	 are	 distributed	 across	 various	





1) A	 list	 of	 environmental	 terms	 for	 every	 sequence	 was	 generated	 from	
SEQenv	results.	




4) Environmental	 terms	 were	 then	 ranked	 according	 to	 how	 much	 they	
contributed	to	the	taxa.	
	
Results	were	 stored	 in	 a	 text	 file,	which	 listed	 the	 sequences	 by	 abundance	 in	
descending	order.	For	selected	four	taxa,	pie	charts	were	then	used	to	illustrate	
the	 various	 environments	 in	 which	 taxa	 may	 exist.	 Similar	 to	 per	 term	 taxa	







In	 order	 to	 illustrate	 the	 effectiveness	 of	 SEQenv	 system	when	 combined	with	
TaxaSE	 in	determining	environmental	 information	 related	 to	 sequences	and	 to	
show	 its	 applicability,	 datasets	 belonging	 to	 distinct	 and	 diverse	 biomes	were	
selected.	These	datasets	 included	soil,	 rhizosphere	and	plant	microbiome	 from	





















--min_identity	 Minimum	 identity	 in	 similarity	
search.	
0.97	




input	 sequence	 by	 the	 number	 of	
envo	terms	that	were	associated	to	it.	
True	
--search_db	 The	 path	 to	 the	 database	 to	 search	
against.	
nt	









In	 the	 context	 of	 this	 study,	 analysis	 of	 the	 datasets	 was	 divided	 into	 three	
sections:	
• Per	 Habitat	 Environmental	 Terms:	 This	 represents	 the	 environmental	
terms	as	generated	by	the	main	SEQenv	pipeline.	
• Per	 Environmental	 Term	Taxa	Abundance:	This	 represent	 the	 taxonomic	
abundance	 as	 generated	 by	 the	 first	 part	 of	 the	 new	 extension	 to	 the	
SEQenv	pipeline.		Furthermore,	SEQenv	results	for	each	sub-habitat	from	
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the	 aforementioned	 datasets	 were	 aggregated	 and	 Per	 Term	 Taxa	
Abundance	results	were	then	generated	from	the	resultant	information.	
• Per	 Taxa	 Environmental	 Term	 Abundance:	 This	 represents	 the	
environmental	terms	abundance	on	a	per	taxa	basis,	as	generated	by	the	












with	 higher	 abundance	 producing	 a	 larger	 font	 size.	 Colours	 were	 randomly	
selected	 to	 improve	 readability	 against	 a	 white	 background,	 while	 a	 circular	














seqenv-selector.jar	 This	 tool	 selects	 sequences	 based	 on	
taxonomic	annotation	and	abundance	
data	present	in	TaxaSE	system	results.	
seqenv-abd.jar	 This	 tool	 aggregates	 the	 results	 on	








the	 SEQenv	 pipeline.	 By	 using	 the	
TaxaSE	 annotation	 information	 and	
SEQenv	 results,	 this	 tool	 is	 able	 to	
generate	 both	 per	 term	 taxa	
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terms	 included	 “forest	 soil”,	 “biofilm”	 and	 “garden	 soil”.	 A	 few	 environmental	













list	of	 environmental	 terms,	with	 exception	of	 the	 few	most	 strongly	observed	
terms,	 the	 ranking	 of	 the	 terms	 themselves	 vary	 across	 these	 habitats.	
Undetermined	ENVO	IDs	included	446,	which	was		“terrestrial	biome”,	447,	which	
was	 “marine	biome”,	1000196,	which	was	 “coniferous	 forest	biome”	and	2030,	
which	was	“aquatic	biome”.	
	





Figure	 4–3:	 Environmental	 terms	 generated	 for	 the	 sub-habitats	 a)	














Rank	 Soil	 Rhizosphere	 Root	 Stem	
1	 soil	 soil	 soil	 soil	
2	 forest	soil	 forest	soil	 forest	soil	 garden	
3	 rhizosphere	 rhizosphere	 rhizosphere	 glacier	
4	 paddy	field	soil	 forest	 forest	 ground	water	
5	 rice	field	 paddy	field	soil	 paddy	field	soil	 forest	soil	
6	 forest	 pasture	 sediment	 biofilm	


































While	 both	marine	 samples	 showed	 a	 similar	 list	 of	 environment	 terms,	 these	
differed	in	the	ranking	of	the	terms	themselves,	which	is	illustrated	in	Table	4-5.	
Here,	the	ranking	of	top	level	environmental	terms	was	the	same	for	both	coral	



































4-5c.	 Burkholderia	 was	 followed	 by	 Catenulispora	 sp.	 Neo1,	 Acidobacteriaceae	














(Figure	 4-6a).	 While	 not	 listed	 in	 the	 top	 10	 environmental	 terms	 for	 the	
sugarcane	 dataset,	 it	 and	 “waste”	 environmental	 term	 consists	 of	 important	
collection	of	taxa	that	may	be	relevant	to	biologists	studying	these	specific	taxa.	




















taxa	were	 significantly	 different	 (Figure	 4-7b).	SAR11	 clade	 and	Synechococcus	
became	 more	 abundant,	 while	 Prochlorococcus	 was	 observed	 to	 be	 far	 less	
prominent	than	what	was	observed	for	the	environmental	term	“sea	water”.			
	
“Ocean”	 environmental	 term	 showed	 Chloroplast	 becoming	 more	 abundant	
compared	 to	per	 term	 taxa	abundance	 for	 “seawater”	and	 “sea”	environmental	
terms	 (Figure	 4-7c).	 Similar	 behaviour	 was	 seen	 for	Marinimicrobia	 (SAR406	




















Per	 taxa	 environmental	 term	 relative	 abundance	 for	 Acidothermus	 and	










The	 terms	 “woodland”,	 “waste”	 and	 “rice	 field”	 were	 ranked	 higher	 for	










Overall,	 distinct	 differences	 were	 observed	 between	 both	 genera.	 	 For	
Acidothermus,	with	exception	of	the	most	abundant	“soil”	term,	others	gradually	












The	 per	 taxa	 term	 abundance	 pie	 charts	 for	 the	 genus	 Prochlorococcus	 and	
Synechococcus	 are	 illustrated	 in	 Figure	 4-9.	 For	 Prochlorococcus,	 the	





































was	present	 for	Prochlorococcus	 at	1.49%.	Other	differences	 included	 the	 term	
“brine	 pool”	 at	 9.17%	 for	 Prochlorococcus,	 although	 it	 was	 absent	 for	




single	“Sea	water”	 term	dominated	Prochlorococcus	 list	of	environmental	 terms	
while	Synechococcus	saw	three	terms	accounting	for	most	of	the	environmental	





Figure	 4–9:	 Per	 Taxa	 Term	 Abundance	 for	 a)	 Prochlorococcus	 and	 b)	




























exploiting	 information	 available	 in	 associated	 metadata	 in	 databases	 such	 as	




The	 analysis	 of	 the	 various	 habitats	 illustrates	 the	 effectiveness	 of	 the	 new	
extension	 to	 SEQenv.	 Significant	 patterns	 emerge	 where	 distinct	 taxa	 were	
strongly	observed	on	the	basis	of	the	environment	origin.			By	effectively	linking	





Cases	were	 found	where	 the	 SEQenv	 pipeline	 (Sinclair	 L,	 2016)	was	 unable	 to	
resolve	the	environmental	term	at	a	deeper	level,	such	as	for	the	environmental	













While	 the	 results	 for	 root	 sub-habitat	 were	 similar	 to	 soil	 and	 rhizosphere,	













in	nature.	 	These	taxa	 live	within	the	plant	biomass	 in	a	symbiotic	relationship	
(Gouda	et	al.,	2016)	and	therefore	observed	in	the	samples	taken	from	the	stem.	




in	 species	 found	 in	 the	 stem	samples	 compared	 to	other	 samples	 led	 to	strong	
difference	 in	 environmental	 based	 tagging.	 Furthermore,	 as	 the	 stem	 samples	
were	taken	from	the	stem	of	sugarcane	plants,	the	ranking	of	environmental	terms	
in	this	case	are	a	good	representative	of	the	type	of	the	environment	the	microbial	





While	most	of	 the	 environmental	 terms	observed	 for	 the	 two	different	marine	
based	 sub-habitats	 were	 similar,	 the	 ranking	 of	 the	 terms	 themselves	 were	
different	and	some	environmental	terms	were	uniquely	observed	such	as	“coral	
reef”	 environmental	 term	 for	 coral	 atoll	 sample,	 due	 to	 differences	 in	 the	
environment	between	these	two	sub-habitats	and	the	variation	in	taxa	abundance	
that	comes	with	it	(Jeffries	et	al.,	2015).	Some	microbial	communities	in	coral	reef	
systems	 exist	 in	 a	 symbiotic	 relationship	 with	 coral	 polyps,	 playing	 a	 role	 in	




















Per	 Environmental	 Term	 Taxa	 Abundance	 showed	 distinct	 patterns	 of	 taxa	














(Mohagheghi,	 Grohmann,	 Himmel,	 Leighton,	 &	 Updegraff,	 1986),	 while	





the	 case	of	 the	sequences	 that	 contributed	 to	 it	where	 “Pantoea”	was	 the	most	
abundant	taxa	observed.	 It	 is	well	known	that	Pantoea	Spp.	 lives	 in	many	plant	






genera	 for	 biodegradation	 of	 chemical	 contaminants	 (Alvarez	 et	 al.,	 2012;	 S.	
Schmidt	 et	 al.,	 1992;	 Ye,	 Siddiqi,	Maccubbin,	 Kumar,	&	 Sikka,	 1995).	 The	most	






or	 “garden”,	 they	 were	 nonetheless	 very	 important	 as	 they	 provided	 taxa	
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exceptions	 where	 unique	 sequences	 were	 observed	 to	 be	 more	 abundant	 in	
specific	 environments.	 Furthermore,	 the	 ranking	 itself	 varied	 across	 every	
environmental	 term.	Additionally,	 similar	 to	 the	differences	observed	 for	 “soil”	
and	 “forest	 soil”	 environmental	 terms	 in	 the	 sugarcane	 dataset,	 “sea”	 and	
“seawater”	exhibited	the	same	pattern	with	respect	to	the	taxa	observed.		
	
Prochlorococcus,	which	was	observed	 in	multiple	 environmental	 terms	such	 as	









Synechococcus	 is	 a	 unicellular	 cyanobacteria	 that	 is	 prevalent	 in	 the	 marine	
environment	and	has	been	shown	to	dominate	in	this	system	(Jeffries	et	al.,	2015).	
It	was	present	 for	 the	environmental	 terms	 “sea”	and	 “sea	water”,	while	being	
absent	in	top	10	ranked	list	of	taxa	for	the	“ocean”	term.	SAR86	Clade,	members	of	





view	 of	 the	 environmental	 annotations.	 Linking	 sequences	 to	 environmental	
terms	in	such	a	manner	would	be	more	suitable	than	a	list	of	environmental	terms	










taxa	 term	 abundance	 where	 certain	 environmental	 terms	 were	 dominant	 for	

















Burkholderia	 occupies	 a	 variety	 of	 environmental	 niches	 (Compant,	 Nowak,	
Coenye,	 Clément,	 &	 Ait	 Barka,	 2008)	 including	 soil	 (Janssen,	 2006)	 and	 some	
strains	 of	 this	 genus	 can	 cause	 diseases	 for	 humans	 and	 animals	 (Coenye	 &	
Vandamme,	 2003).	 Furthermore,	 the	 bacterium	 is	 observed	 to	 be	 prevalent	 in	
rhizosphere	environment	for	plants	(Caballero-Mellado,	Onofre-Lemus,	Estrada-
de	 Los	 Santos,	 &	 Martinez-Aguilar,	 2007),	 which	 may	 be	 the	 reason	 why	 the	
environmental	 term	“rhizosphere”	was	strongly	observed	for	 it	as	compared	to	
Acidothermus.	 Finally,	 the	 presence	 of	 the	 term	 “sludge”	 maybe	 be	 due	 to	 its	
potential	and	application	for	biodegradation	(L.	Zhang	et	al.,	2013).	Overall,	this	
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Overall,	 the	 enhancement	 provided	 robust	 data	 on	 taxa-specific	 distribution	 in	
different	habitats	and	highlights	 the	usefulness	of	 this	approach	for	delineating	
the	niches	potentially	occupied	by	specific	taxa,	in	this	case	supporting	the	known	






SEQenv	 represents	 a	 novel	 method	 of	 augmenting	 sequence	 analysis	 with	
environmental	metadata.	Given	the	need	for	improved	analysis,	pipelines	that	can	
integrate	 taxonomic	 and	 environmental	 data	 are	 becoming	 increasingly	
important.		
	
By	 integrating	 SEQenv	 with	 TaxaSE	 and	 extending	 the	 functionality	 through	
generation	of	per	environment	taxa	abundance	as	well	as	per	taxa	term	abundance	
data,	 the	 improved	 SEQenv	 offers	 unique	 insights	 and	 contributes	 to	 the	
expanding	 repertoire	of	next-gen	 sequence	analysis	pipelines.	This	enables	 the	
extended	pipeline	to	provide	environmental	annotations	in	a	variety	of	contexts.		
	
Furthermore,	 by	 directly	 producing	 environmental	 source	 information	 for	
sequences	in	the	dataset,	it	can	greatly	help	biologists	aiming	to	understand	the	
biogeography	of	microbes.	Given	that	more	and	more	sequences	and	genomes	are	




annotation	 presents	 a	 unique	 approach	 to	 microbial	 16S	 rRNA	 analysis.	 The	
system	is	capable	of	accurately	annotating	environmental	 information	to	query	
sequences	and	enhancement	done	to	SEQenv,	which	links	taxa	to	environmental	
keywords,	 enhances	 the	applicability	of	 this	pipeline.	This	enhancement	would	
play	a	greater	role	in	helping	ecologists	understand	the	diversity	patterns	present	
across	diverse	 habitats	 and	will	 lead	 to	 a	 holistic	 approach	 towards	 ecological	
projects.		
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of	 this	 thesis	 was	 to	 develop	 a	 new	 system	 that	 would	 fulfil	 the	 need	 of	 a	
researcher	aiming	to	investigate	amplicon	datasets	in	a	more	thorough	fashion.	
Annotation	 of	 the	 16S	 rRNA	 gene	 is	 the	 standard	 approach	 for	 taxonomic	








environmental	 data	 can	 provide	 a	 lot	 more	 detail	 about	 sequences	 that	 may	
otherwise	be	left	out	of	the	analysis.	Given	the	importance	of	the	roles	microbes	
play	in	the	environment	they	reside	in	as	well	as	the	various	processes	they	carry	
out,	 extracting	 environmental	 information	 about	 these	 bacteria	 would	
significantly	enhance	the	analysis	capability	of	any	system.	The	most	important	
findings	of	the	study	were:	





identity,	 while	 showing	 better	 performance	 at	 higher	 taxon	 levels	 and	
given	that	a	vast	majority	of	sequences	remain	uncultured	and	unknown,	
this	 would	 improve	 the	 ability	 of	 the	 system	 to	 annotate	 an	 unknown	
sequence	much	more	effectively.	The	use	of	a	sequence	similarity	metric	
that	utilizes	evolutionary	conservation	within	16S	rRNA	gene	sequences	







microhabitats,	 consisting	 of	 samples	 from	 various	 habitats.	 The	 results	









• Environmental	 annotation	 of	microbial	 sequences	was	 performed	 using	
the	extended	SEQenv	pipeline.	The	results	were	generated	as	word	clouds,	
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which	 help	 visualising	 the	 results	much	more	 effectively	 as	well	 as	 pie	
charts	to	illustrate	environmental	data	more	appropriately	for	sequences.	
The	extension	to	SEQenv	was	able	to	provide	a	concise,	relevant	view	into	
the	 distribution	 of	 taxa	 across	 different	 environment	 terms.	 The	
discriminating	taxa	were	ecologically	relevant	to	the	specific	habitats	the	
new	 system	 is	 able	 to	 generate	 valid	 environmental	 annotations.	
Furthermore,	 providing	 environmental	 terms	 for	 sequences	 in	 a	 direct	
fashion	 would	 enable	 a	 more	 thorough	 and	 comprehensive	 approach	
towards	microbial	analysis,	which	integrates	niche	terms	and	taxonomic	
annotations	 in	 the	 same	 pipelines.	 Considering	 that	 at	 the	 moment,	
taxonomic	 annotation	 pipelines	 do	 not	 produce	 environmental	











roles	 they	play	 in	 the	environment.	Given	the	need	for	more	thorough	analysis,	












sequence	 divergence	 in	 a	 more	 effective	 manner	 and	 can	 perhaps	 be	 used	 to	
improve	 taxonomic	 placement	 of	 new	 sequences	 as	 well	 as	 develop	 similar	







analysis	 of	 microbial	 community.	 A	 combination	 of	 both	 taxonomic	 and	
phylogenetic	analysis	would	provide	a	more	comprehensive	understanding	of	the	





Future	 work	 on	 environmental	 annotations	 could	 focus	 on	 developing	 a	
comprehensive	 database	 of	 sequences	 and	 the	 environments	 they	 belong	 to,	
which	 covers	 all	 OTUs	 present	 in	 public	 databases.	 Chapter	 4	 highlights	 the	
usefulness	of	this	approach	within	a	specific	database,	which	can	then	be	extended	
to	cover	a	whole	range	of	reference	sequences.	This	can	then	act	as	a	repository	
and	 would	 be	 useful	 in	 many	 ecological	 projects,	 enabling	 characterization	 of	
microbes	on	a	global	level	under	the	context	of	environments	they	reside	in.	While	
current	 work	 was	 on	 16S	 rRNA	 gene	 sequences,	 SEQenv	 can	 run	 on	 other	
sequences	as	well,	such	as	nucleotide	or	protein.	The	extension	developed	here	
can	 be	 used	 in	 the	 formation	 of	 the	 aforementioned	 database.	 Additionally,	 a	











Overall,	 by	 enhancing	 the	 resolution	 of	 annotations	 and	 understanding	 the	
distribution	 of	 taxa	 across	 niches,	 next	 generation	 sequencing	 can	 realize	 its	





Chapter	 4	 Table	 A-1:	 Top	 20	 ranked	 environment	 terms	 and	 associated	



































































































































Chapter	 4	 Table	 A-6:	 Top	 20	 ranked	 environment	 terms	 and	 associated	
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